Introduction
Partly due to the spillover from the quantitative easing programs adopted by the US Federal Accompanied with this bull market run, however, there were two notable stock market corrections in 2013 and 2015, with prices in some economies falling over 20% in a week. With these significant downside risks as background, a natural question is "what is the major source of contagion to AsiaPacific stock markets during these sell-offs?" Answers to this question are important for policymakers to avoid international financial contagion and to preserve financial stability because shocks from foreign stock markets could have ramifications for domestic stock markets, and in turn, could affect domestic currency markets and ultimately sovereign creditworthiness.
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Before answering this question, it is necessary to identify an appropriate measure of financial spillovers. The extant empirical literature offers extensive evidence regarding spillovers between cross-country stock market returns. 3 However, many of them have overwhelmingly focused on evaluating the mean relationship between stock market returns (namely, mean dependence). This kind of analysis reflects mostly the risk during tranquil periods which could underestimate the real effects of an international shock in times of financial crisis. A more relevant analysis of contagion should evaluate relationships among extremely negative returns (namely, tail dependence) which are more likely associated with bearish markets, periods of crises and financial distress.
In this paper, we examine the financial linkages of Asia-Pacific stock markets within the region and with other global markets by studying the mean and tail dependences of the stock market prices.
Through estimating these linkages, we could identify major sources of risk spillovers at the mean (namely, mean risk spillovers) and at the tail (namely, tail risk spillovers) respectively to the region.
We contribute to the studies of contagion and cross-border spillovers by using multivariate quantile 1 See Chen et al. (2016) and the references cited therein for a recent discussion on the spillovers generated by the US quantitative easing on other economies.
analysis to address the concerns over underestimating spillover impacts on the region in earlier studies.
We show that mean and tail dependences of stock market prices exhibit a distinct pattern of risk attribution. While the mean risk spillovers to Asia-Pacific stock markets is mainly driven by shocks within the Asia-Pacific region, shocks from regional and non-regional markets are equally considerable to Asia Pacific in the tail risk spillovers. Specifically, shocks from Latin America and Europe, Middle East and Africa (EMEA) have become more prominent after the taper tantrum in May 2013. One interesting finding is that price-earnings (PE) ratios, a common indicator for evaluating the risk of overvaluation, can explain the sensitivity of individual Asia-Pacific economy to shocks under the tail dependence, but does not seem to offer any explanatory power under mean dependence.
The rest of the paper is organised as follows. First, we discuss our empirical model in this analysis.
We then describe the sample data used in estimation. The empirical results are presented in the next section. Finally, we outline the conclusions that can be drawn from this study.
Empirical model Quantile vector autoregressive model
We first use a quantile vector autoregressive (QVAR) model to capture dynamics of 37 equity market returns. The general idea behind the QVAR model is that the model specifies quantiles of the distribution of a time series, , to depend on its own lags and on the lags of covariates of interest.
In our case, the extremely negative returns are considered to potentially depend on its lagged returns and lagged returns of other stock markets in the specification.
Basically, the QVAR specification is same as the following P-order VAR model:
(1) where = ( 1 , … , )is a × 1 vector of endogenous variables, is a × 1 vector of exogenous variables, Θ , = 1,2, … and Φ are × and × coefficient matrices and ~(0, ) is a vector of independently and identically distributed disturbances.
Unlike the conventional VAR model, the QVAR model is estimated by solving the following objective function:
Where ( ) = ( − ( < 0)) as given by Koenker and Bassett (1978) and ( * ) is an indicator function. The estimated coefficients and residuals are used as inputs to computations of spillover measures discussed in the next sub-section.
Generalised forecasting variance decomposition
Based on inputs from the previous section, we then employ the Diebold and Yilmaz (2009, 2012) 's approach to compute financial linkages between stock market returns. These linkages are measured by generalised forecast error variance decomposition (GFVD) of an underlying VAR model. 4 They explicitly track spillovers at all endogenous variables, from pairwise to system-wide, in a coherent and mutually consistent way. This is in contrast to conventional spillover measures derived from correlation and covariance models that can only measure the pairwise associations among the variables of interest.
5
Based on coefficients of QVAR and the residuals obtained from Equation (2), GFVD is computed as follows. Assuming Eq. (1) is covariance-stationary, we can rewrite its moving average representation as:
4 As suggested by Koop et al. (1996) and Pesaran and Shin (1988) , the variance decomposition (VD) of VARs using GFVD is invariant to the variable ordering, as opposed to the traditionally used Choleski decomposition.
5 Given this desirable feature, the method is widely applied in many empirical studies in the context of contagion (for example, Alter and Beyer (2014) Where are derived by the recursion = Θ 1 −1 + ⋯ + Θ − with 0 being an × identity matrix with < 0 for < 0, and = Φ. The H-step-ahead GFVD is then given by:
Where is the standard deviation of the error term for the ℎ equation and is a selection vector, with one as the ℎ element and zeros otherwise. When considering ≠ , ( , = 1, … , ), this GFVD is regarded as the "cross variance shares" that measures the fractions of the H-step-ahead error variances in forecasting due to shocks originated from . It is also interpreted as the "spillovers" which measures the extent that the shocks originated from transmit to . When considering = , the GFVD in Eq. (4) is regarded as the "own variance shares" which is the fractions of the H-step-ahead error variances in forecasting due to shocks originated from itself.
Each entry of the variance decomposition matrix ( ) ( , = 1, … , ) is normalised by the row sum to yield:
and by construction ∑ � ( ) = 1
=1
, and
. This normalisation allow us to decompose the forecast error variance of the return of an asset i into the percentage of its own shock � and the percentages of shocks from other economies � ( , = 1, … , , ≠ ) , which facilitates easier identification of key shock origins and easier comparison among these shocks.
Using the normalised variance decomposition matrix, we can construct the total spillover index to capture the cross-asset or cross-market spillovers, which is defined as:
In other words, it is an average of all the normalised variance decompositions in the off-diagonal matrix that represents the average spillovers across all asset classes.
Data
We primarily measure the stock market spillovers among 13 Asia Pacific economies in this analysis.
To make this assessment more comprehensive, we additionally include 24 stock market returns (i.e., 11 advanced economies, 8 emerging EMEA, and 5 Latin America) (Table 1) in the QVAR estimation.
Weekly returns are used to address the different time-zones problem given that the selected economies locate in different continents, and higher frequency data are too noisy and may generate distortion in the estimation distortion. 6 The final sample of 37 stock market returns covers a period (2015) and Rey (2015) further argue VIX can be used to proxy for global liquidity conditions, with a declining VIX representing abundant global liquidity, and vice versa. 9 As Bernanke (2013) argues, UMPs aim to lower the term premium and ease the boarder financial conditions. More details of the methodology for calculating the term premium can be found in Adrian et al. (2013) .
Empirical results
In this analysis, we estimate Eq. (1) with an AR order 1 and report a 10-week-ahead GFVD in the analysis. Moreover, we estimate the spillover impact among stock market returns at a quantile of 0.5 (i.e., median, τ = 0.5) to measure the mean risk spillovers and estimate the spillover impact at a quantile of 0.05 (i.e. τ=0.05) to examine the tail risk spillovers among stock markets. Table 2 reports the spillover matrix estimated for the mean (upper panel) and tail risks (lower panel)
Broad picture of mean risk spillovers
based on the full sample data. In the matrices, each element is the estimated contribution to the variance decomposition (VD) of group i coming from a shock to group j. For instance, focusing on the mean risk (i.e. upper panel), a shock originated from advanced economies explains 20.8% of the VD of EMEA but only 16.2% of VD of Asia Pacific. In other words, the spillover from advanced economies has a larger impact on EMEA than Asia Pacific.
Fixing the origin of the shock, the last row of Table 2 computes the column average which shows the impact of that shock on other economies. It shows that advanced economies' shock is the largest (19.3%) on average, followed by Asia Pacific (19.2%), Latin America (16.9%), and EMEA (13.8%).
This suggests that shocks from advanced economies have the largest spillover effect on others, while the shock from EMEA is relatively modest in general. Fixing the receiver of the shock, the last column of Table 2 computes the row average which summarises the responsiveness of that receiver to shocks generated from others. For example, advanced economies are found to have the largest responsiveness to shocks from the others (20.0%).
Spillover impact on Asia Pacific
Focusing on mean risk spillovers to Asia Pacific, the estimated impact is 17.1% on average, in which the spillover within the region is found to be the largest (i.e., 25.6%) while the spillover from EMEA is the smallest (i.e., 12.5%). On tail risk spillovers, the estimated impact increase notably to 24.1% on average, in which the impact is found the largest from Latin America (27.4%) and the smallest from advanced economies (22.9%). This suggests that, the tail risk spillovers are stronger when compared to the mean risk spillovers.
We further check whether the tail risk spillovers have been stronger after the taper tantrum. Figure 2 compares the tail risk spillover impacts on individual Asia Pacific economies in the pre-tapering period with those in post-tapering period. A 45-degree line in each chart is used to identify economies that are more responsive in the pre-tapering period than in the post-tapering period. As can be seen, EMEA and Latin America economies scatter above the 45-degree line, suggesting that spillovers from these economies are substantially larger after the taper tantrum. All advanced economies and most of Asia Pacific scatter slightly below the 45-degree line, suggesting that their spillover impact is weaker in the post-tapering period. That said, the estimated impact remains substantial at around 20%.
Figure 3 compares responsiveness of individual Asia Pacific economies to risk spillovers from other economies in the post-tapering period. As shown in the chart, all the economies are more responsive to tail risk spillovers than to the mean risk spillovers, except for Singapore who has the largest responsiveness to mean risk spillovers. Among these economies, four ASEAN countries (i.e., Thailand, Philippines, Indonesia, and Malaysia) are relatively more responsive to the tail risk spillovers in the region. One possible explanation to their stronger responsiveness to tail risk spillovers is the risk of over-valuations. Figure 4 depicts the scatters of responsiveness against the PE ratio based on samples in the post-tapering period. As can be seen, PE ratios tend to be linearly correlated with responsiveness to the tail risk spillovers but not to the mean risk spillovers. This suggests that an over-valued stock market is likely associated with a stronger response to tail risk spillovers from other markets.
Concluding remarks
This paper assesses the spillover impacts on Asia-Pacific stock markets. Using data of 37 stock markets, we find that while the mean risk spillovers to Asia-Pacific stock markets is mainly driven by shocks within the Asia-Pacific region, shocks from regional and non-regional markets are equally considerable in the tail risk spillovers In particular, shocks from Latin America and EMEA have increased notably after the taper tantrum. We also identify that a stronger responsiveness of a stock market to tail risk spillovers from other markets tends to be associated with higher PE ratios. Tail risk (5pct)
